During longer-lasting future space missions, water renewal by ground-loaded supplies will 23 become increasingly expensive and unmanageable for months. Space exploration by self-24 sufficient space-crafts is thus demanding the development of culture-independent 25 microbiological methods for in-flight water monitoring to counteract possible contamination 26 risks. In this study, we aimed at evaluating microbial load data assessed by selected 27 techniques with current or promising perspectives in space applications (i.e., HPC, ATP-28 metry, qPCR, flow cytometry), through the analysis of water sources with constitutively 29 different contamination levels (i.e., chlorinated and unchlorinated tap waters, groundwaters, 30 river waters, wastewaters). Using a data-driven double-threshold identification procedure, we 31 identified and presented new alternative standards of water quality based on the assessment of 32 the total microbial load. Our approach is suitable to provide an immediate alert of microbial 33 load peaks, thus enhancing the crew responsiveness in case of unexpected events due to water 34 contamination and treatment failure. Finally, the backbone dataset could help in managing 35 water quality and monitoring issues for both space and Earth-based applications. 36 37 38
(Moissl-eichinger et al., 2016), also due to the finding that spaceflight microgravity 91 conditions provided conflicting results, with insufficient and largely unpredictable indications 92 on the microbial growth patterns and the virulence of opportunistic human pathogens (Huang 93 et al., 2018) . 94
In this study, we explored whether alternative methods to assess the water microbial load 95 could be supportive of routine monitoring practices, thus challenging conventional 96 heterotrophic plate counts in space applications. Through the analysis of water sources with 97 constitutively different microbial loads (i.e., chlorinated and unchlorinated tap waters, 98 groundwaters, river waters, wastewaters), we aimed to (i) cross-validate candidate techniques 99 suitable to assess the onboard water microbial load and selected among those consolidated in 100 terrestrial applications (i.e., HPC, ATP-metry, qPCR, FCM), and (ii) propose a data-driven 101 procedure to determine new water quality standards based on the cultivation-independent 102 assessment of the total microbial load. 103
By considering the high costs and logistic limitations of water renewal with Earth-supplied 104 resources, we hypothesized that a double-threshold identification procedure could be 105 applicable to identify water microbial contamination events and help counteracting health-106 risks, which could unexpectedly occur during longer-lasting space missions. 107 7 142
ATP-metry 143
The total intracellular ATP content was measured to estimate the microbial load using the 144 technology developed by GL Biocontrol (Clapiers, France). Briefly, 2 drops of DENDRIAG 145 reagent were added to the water sample (10-50 ml) and measured using the GL Biocontrol 146 instrument to obtain the R1 (RLU) result. Then four drops of DENDRIAG reagent were 147 dispensed into the plastic packaging of the filter and the reactive was backflush by pressing 148 air through the filter. The reagent was pushed into the measuring tube and measured to obtain 149 the R1 (RLU) result. Then, one drop of STANDARD 1000 reagent was added and measured 150 to obtain the R2 (RLU) result. The concentration of intracellular ATP is given in picograms 151 per milliliter, by the following calculations: The aquatic microbial cells were characterized by using the Flow Cytometer A50-micro 174 (Apogee Flow System, Hertfordshire, England) equipped with a solid state laser set at 20 mV 175 and tuned to an excitation wave length of 488 nm. The volumetric absolute counting was 176 carried out on fixed (2% formaldehyde, final concentration) and unfixed water samples, 177 stained with SYBR Green I (1:10000 dilution; Molecular Probes, Invitrogen) or with SYBR 178 Green I and propidium iodide (PI = 10 µg ml -1 , f.c.) for 10 min in the dark at room 179 temperature. The light scattering signals (forward and side scatters), the green fluorescence 180 (530/30 nm) and red fluorescence (> 610 nm) were acquired for the single cell 181 characterization. A fluorescence threshold was set at 10 units on the green channel. Samples 182 were run at low flow rates to keep the number of events below 1000 events per second. The 183 total number of prokaryotic cells (i.e., total cell counts -TCC) was determined by their 184 signatures in a plot of the side scatter vs the green fluorescence (Gasol and Morán, 2015) . 185
Live and dead cells were differentiated in a plot of green vs red fluorescence. Viable cells 186 (i.e., intact cell counts -ICC) showed higher green fluorescence signals than the membrane 187 compromised dead cells selectively marked in red by propidium iodide (Grégori et al., 2018) . 188
The instrumental settings were kept the same for all samples in order to achieve comparable 189 data. The data were analyzed using the Apogee Histogram Software v2. 05. 190 Total cell counts were double-checked by epifluorescence microscopy on all samples by 9 samples were filtered through 0.2 μ m polycarbonate filters (Ø 25 mm, Millipore) by gentle 193 vacuum (<0.2 bar), and stained for 5 min with DAPI (4′, 6-diamidino-2-phenylindole; 1.5 µg 194 ml -1 final concentration). Filters were stored at −20°C until microscope inspection. Total cell 195 counts were performed by the epifluorescence microscope BX51 (Olympus, Germany) at 196 1500X magnification by counting a minimum of 300 cells in >10 microscopic fields 197 randomly selected across each filter. 198 199
Data elaboration and statistical analysis 200
All data were log(x+1) transformed to facilitate comparability among parameters derived 201 from different methods and waters sources. The nonparametric Kruskal-Wallis test, with 202
Mann-Whitney post-hoc pairwise comparisons, was used to verify whether statistical 203 differences in median values occurred among water groups according to each single 204 parameter. The one-way nonparametric multivariate analysis of variance (PERMANOVA), 205 based on the Euclidean distance measure, was used to test the overall significance of 206 difference between water groups. 207 A frequency distribution model (FDM) of log-transformed data was applied to discriminate 208 between two water groups, hereafter named waters with low and high microbial load. The 209 number of bins was set at 4 for each single-parameter data series (Wand, 1997). Following the 210 consolidated approach applied to assess upper confidence limits for natural background 211 chemical concentrations (USEPA, 2002), a first confidence threshold (hereafter named 212 warning threshold) was set as the 95th percentile of values assessed from the low microbial 213 load group. A second and higher confidence threshold (hereafter named alarm threshold) was 214 arbitrarily set as the 5 th percentile of values assessed from the high microbial load group. 
Heterotrophic plate counts 229
The number of heterotrophic bacterial colonies (heterotrophic plate count -HPC) varied 230 greatly depending on water origin and across the tested growth conditions, with values 231 ranging from 0 to over 10 6 CFU/ml. TWs and GWs showed significantly lower values in 232 comparison to RWs and WWs (table 1) . Only in TWs, HPC on YEA medium increased 233 significantly passing from 3 to 7 days of incubation (Kruskal-Wallis test, p << 0.01). After the 234 longer incubation time, there was a statistically significant difference between colony 235 numbers found on YEA and R2A and between all water groups (Kruskal-Wallis test, p < 236 0.05), though HPC from cTWs was close to the method detection limit in all growth 237 conditions. HPC on R2A medium showed values higher than that on YEA medium. 238 FDM thresholds were plotted in figure 1 and reported in table 2. Overall, we found significant 239 differences between contamination levels of all water groups, assessed in terms of 240 cultivability and tested by PERMANOVA (p << 0.001). 241 242 3.2 Alternative parameters to assess the water microbial load ATP concentrations varied over more than 6 log units, with a sharp increase from tap waters 244 (range 1.5 -24.1 x10 -3 pg ATP/ml) to waste waters (range 1.9 -59.0 x10 2 pg ATP/ml) (figure 245 2a). Apart from TWs and GWs which showed similar values (Kruskal-Wallis test, p > 0.05), 246 the differences in the mean ATP content among water groups were greater than would be 247 expected by chance (Kruskal-Wallis test, p < 0.05). 248
As assessed by qPCR, the abundance of 16S rDNA copies varied from 2.2 x10 2 copies/ml 249 (with minimum values found in chlorinated tap waters) to 9.8 x10 7 copies/ml (with maximum 250 values found in WWs) (figure 2b). GWs showed similar values to uTWs and RWs (Kruskal-251 Wallis, p > 0.10), but there were statistically significant differences among all other water 252 groups (Kruskal-Wallis, p < 0.05). 253
As assessed by flow cytometry, TCC ranged over 3 log units, passing from 1.2 x10 4 cells/ml 254 (minimum values in GWs) to 2.9 x10 7 cells/ml (maximum values in WWs) (figure 2c). WWs 255 showed a different mean value from all other groups (Kruskal-Wallis test, p < 0.01), while 256
GWs did not show any statistical difference with cTWs and RWs (Kruskal-Wallis test, p > 257 0.07). Total cell counts double-checked by epifluorescence microscopy were similar and well 258 correlated with FCM data points on the 1:1 log-log line (Spearman's r = 0.91, p << 0.001; 259 data not shown). On average, the great majority of total cells comprised membrane-intact cells 260 (ICC = 84.1 ± 10.3 % of TCC), with percentages lower in tap waters (78.1 ± 11.9 %) and 261 higher in ground waters (91.7 ± 5.0 %). Given the limited variation range, ICC followed 262 patterns very similar to TCC on the log scale (figure 2d). FDM thresholds were plotted in 263 figure 2 and reported in table 2. Overall, we found significant differences between the average 264 contamination levels of all water groups, also using the combination of alternative parameters 265 (i.e., ATP, 16S rDNA, ICC) (PERMANOVA, p < 0.01). combination with a data pre-selection, were proposed to graphically represent trends and 303 discontinuities, also identifying data exceeding fixed percentile values (generally the 90 th , 304 95 th , and 97.7 th percentile outliers) (Preziosi et al., 2014) . In this study, we followed a similar 305 approach but using the microbial load data assessed by different methodologies in order to 306 determine warning and alarm threshold values, respectively set on the 95 th and 5 th percentiles 307 of values found in the water samples with low and high microbial load. By fundamentally 308 relying on the number and distribution of the available data, the described procedure was not 309 intended to provide fixed limits nor the risks associated with water microbial contamination 310 events. The identified threshold values (table 2) could constitute novel reference values, in 311 view of data deriving from real space conditions and human-confined environments. It is 312 worth noting that two drinking water samples (i.e., Russian potable spring waters), analyzed 313 after 5-years exposure to ISS microgravity conditions by using ATP-metry and flow 314 cytometry with the same full methods herein described, exceeded the alarm thresholds (Bacci 315 et al., 2018 -submitted). Thus, it is likely that some sort of water treatment should be 316 considered to comply with our novel water quality standards. 317
The microbial load has been retained a key driver of microbial alterations due to varying into regulatory water quality monitoring is still prevented by methodological and procedural 322 issues, including inter-laboratory reproducibility, prioritization of water contaminants, and 323 cross-validation of applied methodologies (Chapman, 1996) . In this study, all selected 324 monitoring techniques showed pioneering potential applicability to space and human-confined 325 environments, given the necessity to overcome some basic drawbacks of cultivation-based 326 approaches (i.e., time-to-result up to several days from sampling; growth of opportunistic 327 microorganisms from stored analytical wastes). 328 However, the HPC reliability for total microbial load assessments in space waters might fall 364 far below the acceptable reproducibility levels, unless other cultivation-independent 365 techniques are applied to provide confirmatory data, as also observed in terrestrial studies. 366 367
ATP-metry and advanced automation options for space applications 368
Based on a 20 years' experience on space microbial monitoring, ATP-metry has been retained 369 a consistent approach for estimating the viable microbial biomass in water samples (Guarnieri 370 et al., 1997; La Duc et al., 2004). By offering feasible automation options for space applications, we found that ATP-metry allowed to consistently discriminate water types 372 according to their constitutive microbial contamination levels, also showing a wider variation 373 range in comparison to the other selected parameters (figure 2). The highest ratio between 374 alarm and warning thresholds was also observed (table 2) . 375
In drinking water and food industries, routine ATP measurements were added upon 376 commercially available ATP assay kits and compared in-depth to standard cultivation-based 
Space applicability of qPCR and biomolecular methods 386
In space research, the successful application of biomolecular assays was found to rely on 387 procedural improvements for extracting cell nucleic acids and selecting appropriate control 388 samples (e.g., with the same amplification efficiency as the target sequence under 389 microgravity conditions), along with instrumental developments (Yamaguchi et al., 2014) . 390
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